Mel Frequency Cepstral Coefficients (MFCCs) are the most popularly used speech features in many speech and speaker recognition applications. In this paper, we study the effect of resampling a speech signal on these speech features. We first de rive a relationship between the MFCC parameters of the resam pled speech and the MFCC parameters of the original speech. We propose six methods of calculating the MFCC parameters of downsampled speech by transforming the Mel filter bank used to compute MFCC of the original speech. We then experimentally compute the MFCC parameters of the down sampled speech us ing the proposed methods and compute the Pearson coefficient between the MFCC parameters of the downsampled speech and that of the original speech to identify the most effective choice of Mel-filter band that enables the computed MFCC of the re sampled speech to be as close as possible to the MFCC of the original speech.
INTRODUCTION
Time scale modification (TSM) is a class of algorithms that change the playback time of speech/audio signals by increasing or decreasing the apparent rate of articulation. TSM on one hand, is useful to make degraded speech intelligible and on the other hand, reduces the time needed for a listener to listen to a mes sage. Reducing the playback time of speech or time compres sion of speech signal has a variety of applications that include teaching aids to the disabled and also in human-computer inter faces. Time-compressed speech is also referred to as acceler ated, compressed, time-scale modified, sped-up, rate-converted, or time-altered speech. Studies have indicated that listening to teaching materials twice that have been speeded up by a factor of two is more effective than listening to them once at normal speed [1] . Time compression techniques have also been used in speech recognition systems to time normalize input utterances to a standard length. One potential application is that TSM is of ten used to adjust radio commercials and the audio of television advertisements to fit exactly into the required time duration pre cisely. Time compression of speech also saves storage space and transmission bandwidth for speech messages. Time compressed speech has been used to speed up message presentation in voice mail systems [2] .
In general, time scale modification of a speech signal is as sociated with a parameter called time scale modification (TSM) factor or scaling factor. In this paper we denote the TSM factor by a. There are a variety of techniques for time scaling of speech out of which, resampling is one of the simplest techniques. Re sampling of digital signals is basically a process of decimation (for time compression, a > 1) or interpolation (for time expan sion, a < 1) or a combination of both. Usually, for decimation, the input signal is sub-sampled. For interpolation, usually, zeros are inserted between samples of the original input signal. For 978-1-4244-7167-6/101$26.00 ©2010 IEEE a discrete time signal x[nj the restriction on the TSM factor a to obtain x[anj is that a be a rational number. For any a = 1'. where p and q are integers the signal x[anj is constructed b� first interpolating x[nj by a factor of p, say xP = x[n i pj and then decimating x[nj by a factor of q, namely, xq = x[n 1 qj. It should be noted that, usually interpolation is carried out before decimation to eliminate information loss in the pre-filtering of decimation.
Most often, cepstral features are the speech features of choice for many speaker and speech recognition systems. For example, the Mel-frequency cepstral coefficient (MFCC) [3] representation of speech is probably the most commonly used representation in speaker recognition and and speech recogni tion applications [4, 5, 6] . In general, cepstral features are more compact, discriminable, and most importantly, nearly decorre lated such that they allow the diagonal covariance to be used by the hidden Markov models (HMMs) effectively. Therefore, they can usually provide higher baseline performance over filter bank features [7] .
In this paper we study the effect of resampling of speech on the MFCC parameters. We derive and show mathematically how the resampling of speech effects the extracted MFCC parameters and establish a relationship between the MFCC parameters of resampled speech and that of the original speech. We focus our experiments primarily on the downsampled speech by a factor of 2 and propose six different methods of computing the MFCC pa rameters of the downsampled speech, by an appropriate choice of the Mel-filter band, and compute the Pearson correlation be tween the MFCC of the original speech signal and the computed MFCC of the down sampled speech to identify the best choice of the Mel filter band.
In Section 2 we give a complete description of MFCC com puting and in Section 3 we derive a relationship between the MFCC parameters computed for original speech and the time scaled speech and discuss six different choice of Mel-filter bank selection to the MFCC parameters of the downsampled speech. Section 4 gives the details of the experiments conducted to sub stantiate the derivation. We conclude in Section 5.
COMPUTING THE MFCC PARAMETERS
The outline of the computation of Mel frequency cepstral coef ficients (MFCC) is shown in Figure 1 
The MFCC features are computed for each frame of the speech sample (namely, for all xp).
Windowing, DFT and Magnitude Spectrum
In speech signal processing, in order to compute the MFCCs of the p th frame, xp is multiplied with a hamming window w[n] = 0 . 54 -0 . 46 cos c;) followed by the discrete Fourier transform (OFT) as shown in (2) . xp. Accordingly, let X = [X1,X2,·· .Xp,'" ,Xp ] represent the OFT of the matrix X. Note that the size of X is N x P and is known as STFT (short time Fourier transform) matrix. The modulus of Fourier transform is extracted and the magnitude spectrum is obtained as IX! which is a matrix of size N x P.
Mel Frequency Filter Bank
The modulus of Fourier transform is extracted and the magnitude spectrum is obtained as IX! which is a matrix of size N x P.
The magnitude spectrum is warped according to the Mel scale in order to adapt the frequency resolution to the properties of the human ear [8] . Note that the Mel ( <P I) and the linear frequency (l f) [9] The logarithm of the filter bank outputs (Mel spectrum) is given in (3).
where m = 1,2,··· , F and p = 1,2,··· , P. The filter bank output, which is the product of the Mel filter bank, M and the magnitude spectrum, IX! is a F x P matrix. A discrete cosine transform of Lp (m, k) results in the MFCC parameters. 
OCT of the logarithm of the above vectors gives the MFCC of the down sampled speech.
Type E and Type F: Reversing, Adding and Averaging
In this case, the filter bank outputs of the downsampled Mel filter bank, namely, MA (m, k') are computed. Then the downsam pled Mel filter bank is mirrored/reversed such that the filter with the highest bandwidth comes first and the one with the lowest bandwidth comes last. The spectrum of the downsampled sig nal is passed through this reversed filter bank and the filter bank outputs are again reversed. These reversed filter bank outputs are added to the former filter bank (downsampled bank) outputs and their average is considered to be the Mel spectrum. OCT of the logarithm of the Mel spectrum gives the MFCC of the down sampled speech. This method also has 2 cases, namely, Type E: the center frequencies chosen are of type Type A, and, Type F: the center frequencies chosen are of type Type B. This process is depicted in Figure 2 .
EXPERIMENTAL RESULTS
In all our experiments we considered speech signals sampled at 16 kHz and represented by 16 bits. types of Mel filter bank constructs is shown in Figure 3 .
Case II : The F MFCC vectors are concatenated to form a sin gle vector and the r between the two vectors correspond ing to the original speech and the downsampled speech is computed. The Pearson correlation coefficient, r for the 6 methods is shown in Table I for three different 16 kHz, 16 bit speech samples. As observed from Figure 3 and Table 1 , the Type A of con structing Mel filter bank for the down sampled speech gives the best correlation between the MFCC parameters of the original speech and that of the downsampled speech.
CONCLUSION
The effect of resampling of speech on the MFCC parameters of speech has been presented. We have demonstrated that it is pos sible to extract MFCC from a downsampled speech by construct ing an appropriate Mel filter bank. We presented six methods of computing MFCC of a downsampled speech signal by trans forming the Mel filter bands used to compute MFCC parame ters. The choice of various transformation of Mel filter bank was based on the relationship between the spectrum of the orig inal and the resampled signal (Equation 7). We have shown that the Pearson correlation coefficient between the MFCC parame ters of the original speech and the downsampled speech shows a good fit with a downsampled version of the Mel filter bank (Type A). We believe the results presented in this paper will enable us to experiment and measure the performance of a speech recog nition engine (statistical phoneme models derived from original speech) on subsampled speech (time compressed speech).
